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Knowledge-Embedded Medical Dialogue Generation

WANG Yuan, ZENG Leilei, WU Zhenhua, XIONG Ning
(College of Artificial Intelligence, Tianjin University of Science & Technology , Tianjin 300457, China)

Abstract: Aiming at the problem of lack of medical common senses consistency caused by the failure of medical knowl-
edge modeling in previous medical conversation generation methods, many researchers have tried to introduce the medical
knowledge graph, but it was easy to occupy too much input data space when integrating the medical knowledge graph, which
has limited the dialogue context information that could be retained by the model input. In this article, a medical conversation
generation model based on knowledge embedding (MCG-KE) is proposed. This model makes entity prediction based on
historical dialogue to obtain context knowledge embedded entity, and introduces serial graph coding and graph attention
mechanism to obtain the subgraph coding of medical knowledge graph related to current dialogue. Context knowledge em-
bedding entity, medical knowledge spectrum subgraph coding and historical dialogue coding are used as input of dialogue
generation model for knowledge embedding medical conversation generation. The experimental results showed that, under
the condition of efficient calculation, the performance of the medical conversation generated by the model was improved in
the relevant indexes such as automatic evaluation and manual evaluation.
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B4, BEI7 BT IR Rk i O A, R ANRIBITHLMIRGIEC 6.84 5K A RIS BLAA
2020 @*lﬂﬂiﬁ%@%ﬁ@%&m EEPFEET AR PR AR, T AR AR R, AR
I PHURO RN 6.30 5K, Hop: RESHDCFE T K AHEEER, T ARCEBAXEAR . M7 AAHB
NBIBESPHUIRAIEC 5.78 3k, X P38 T REFERBEE I, X245 PR B il AR KB R 7,
N BESTHURAECH 6.4 5K, PUAlMIXF38 T JFEA S 5HEZ UES:, SECEM™HK 5 R .

Wi EHE: 2023-02-04; fEEHH: 2023-04-18
BEETH: HRARBAEIELTHE (61976156) 5 RKFAEQH AN IIZ-H15 H (202210057063)
EHE®EIMT: O (1989—) , %, IIPERFEA, RIZ#FE, wangyuan23@tust.edu.cn



2023 4£ 12 A

FOBE, A R AR BT AR + 55 -

I, — AT Pk B TEL A RS I BRSPS RS
BRAR T B BT A N1 W1, BN
BERERY ), 4 e e iR, A BRI RS T 3 I B 45
IRt B A REAA , TG | o R B b SR YRR K o

AR A T E 2R UM AR, B A
T BRSO RIS A T Y,
R IDNI BN L 7/ /NI E SR AP T FE M 7 IS
28 W BEREAE T 1 (R R Ay ol P R X 1 e LA
{8 KA AR XA ) SR Z [A]  JE AR R o BUA
FE T HR 15 0 B2 97 X3 A ml iy A AR R A AR K
[] 52 s i) A 70 P AL T 5 S ) SR B FC R AR B
SR, 101 5 A AR AR fy i A 91 R 3 A PR
flan, % GPT-2 (generative pretrained transformer,
GPT) BB, S AP BN BRI 1024 /i),
DRI T s PR R 5 L2 v B S e A DA ABE R A |
TF R RN TE R TRy ik, BlE
Hh ) SR R R e B Oh i o O 5 O D SR R I
T PRI | (HIXFPEIL 2 5 R R K
(SR G RIZHRAEIRE S

FEBTPXEAE B, S T PR AR A IR AR A
FRHERPE ARG (R B, AR Pl AR by o
X3 LAAHSCBE SR B (HUR XS R E 248 1
KGR AR TR TR Z MR A B | RITF R
RZFEAL | BEITAE B A A R Y [a]

R TR IR IR R, ASSCHR R RITR i AR RS 7
T A i 7Y (medical conversation generation model
based on knowledge embedding, MCG-KE) , #R i /77 5
XA T SEAARAS 2] _E R SCHIR IR A SR, 5] A
A7 B i Ty 200 B0 2 AL ARAS: 2 i 1 A5G HY
BT HIR B - Gt , IOk B 1 FITE L2544 b 1Y) G
5 B o IR A ) SR A A 2] B SRR
HRA S, ) g S0 37 v A S AR A R R S 5
P, [ B R B P 3 SUA5 S, R P i T Pl 2
INSARZ B G FR , A ER AT T G R AR AT 17 b 2t
HITR GBSO A S | 7 525638
Tl A AR B A, DTS 2R By [l 42 2
A ESEIR— M.

1 HXIE

TERSh R GE AP A2 T R A o] 52 R — T 2
AIFFE PR A o R T AR o B S 1t S i — 4>
TEME, E Al LAV AR XS R G0 A B T HIA

AR IRl SR, LA 39 sy 5 R R TR P % 1 %o
PE G R PR — TR B 94T 55 . Chaudhuri 250 1
PR A 2 181 &2 A i B v, I %R — 41> BERT
(bidirectional encoder representations from transform-
ers) IBY | 27 ) 78 22T 55 10 i 2 s 1 A FH R TR
T A IC R HEAT 125 o TR PRI 7 3 ok B0 A T
ik stithpuy e AR CS SIS i S o SRS EL PN 8t
Ho GIASMTHAIR, 8 R BAR R N 2 ) el 52 4=
AR, $E TS 0 i L (RO SR, ok
[l 52 A AR At FCA BN = T 045 5L, T HLARZE R ALY
PRI RAORBEA AR BE T NHIRSCASE S
A IR R . Liu 55 PHE I LT S0 TR A 1 FF
TR A AR A (AKGCM) |, filt A AR5 F 1 1R
BEAAL R, RS phy RPN 0] 5 A= sk A b
R PRI A Sy — > 22 Wk R [R) i, Lo
fb2F 2] B HE BB (MINERVA) 43 854 3 250G I, 5
PR e, 1] 52 A= pAs At P 5t BIL o) 14 G )
i AR AR, LT B S S TRURT A P o A A il
Mg JE i 5] ASMRE S, A TR AT LR
Az T i AV S Y 1] A2 TR R Y EBOR A
T3 BRI, K G Rh LARITE S Bl it % 5 AR 2 7, i
H AT BB AL T 7% BN ZRAE A AT B 1038 S 3
RUUAE BT 55 B 2% ] g B = B B > HEZE
(TSLF) 5% #i T KRB0 FOAE L5 H 40 HIRE , [A]
IR B T A S %5 1 Transformer 7%
A, AR T o R A LRI A 1 4 g 2 >

AR SCHIF 5 T R A B2 7 0 30 A il AR AY 5
VNGIRYE Sy s S A EIFER O RSN 5 =% [ e M 17
LR IRl HRT, BT R BT RS AR A
F B A T SR Y BT X I AR AR T
AR A BRI AE A

FET IR BT AR R R i
ST R BRI, BB Il B2 AR A WFSEN B o)
S P 2R A O3 R B SR U T =
FEXTIE A AT 55, b G R Jy i aed (o B~ S AR A
h AR B AETE R R R 512 5 2 S AR S A DG 1Y
152, i1 A BT 123 WU B 7 SR G 1y e 91 21
BRI F) iy A Tl A el 42

HE T T NP BE 7 R AR LG 5 | BT 4
PRE AR B S 7 X0 15 A U5 | P 1 il B HoR 1 B2 7
XU AR A, A T B PR g S

I PG HE BB AR 08 B 7 035 A2 CTAE QR .
3 3 — 4 J v R T AL DA R e R PR AR



+ 56

Z B SRR, $2 5 T FE 7 X oo A — A id H B
AHOCREIR A T VAR 2%, DL SRR (R E 2 A
B BPREIR) FOAE E FRE IR IS W B TERED ) R T Ak
Y R ECH B2 = 50 1A 1 7 X 3 A A 78 2 3 PR e )
TR, Lin 2R AR IR By 7 1] 42 A i , %4
BT A2 TR SRS AR L TR R ) 25 R g S
A o A B, AR T Sl A A 4 T P S e A
PI - REAR AR SCNE , B TS B 7 5 =F =
9 1A% B BE BT IR 3 = e

I B TS B B B BRI X A B TAE AR .
AT AR AR XE AR E TR
Xu LI T HIRE e R AR RS, %R+
& B SRR RS A AHE S B e, 1 H
flH 5 [R5 7 B A ARG F A EME . REe
FHREEH DON (KR-DQN) 45 B E Y14, ‘& 4 A%
T =K R AL 2 S G AN [R)RE PR FRE R X 2
B, DL —A T F e ok i S e 15 3
o N TR XHE RERR R AR E
TRRE G TR, B SRR T — b I TR S A A
SR DT T[] 25 78 B 7 6l R e A e v - AR IR
LML TP TR TS UE S A2 A ElasticSearch HE R
R R B s [ FH BT A SRTE 5 AP HLSEEC R AR () T
TR , U5 B2 7 AH O 1 iy 44 SEARTEUIN AR RS ; I 4R
T 5 ) 8 T B A AR i By 7 R B , 7 Fe A R
TR o ME A H0 Y 2 18 T R TR RN S AR DG I () ) 2
RIS XE REAEL A B AFHERZE G P53 L
WRZJG , 8556 PP HLE, i — o A Y
W%, ixkber R & RGN EIR EHE R 2 R
Bl o B R A VR R R b o S R AR A B8
FXTIE RS, PR T RS BRI R R 3 1) v 38 g Yo
W R IR VLA S TR B 2= > ik s A n 7
FCHRIBOCHE AR B 8 S T] , AR PRI S E i)
FAREE T A O E BAE R GPT-2 BIRIAYHIA
AT 1o i 21 o X 1 R e ) e BRI,

b IR T SRR R P TR A B R AR R
i ABERTE AR S AR R g LT HIR, (B AR Z (A
I ARTE LR KRR A A, ik 05 | AT5R
hi A ZH 25 1] .

2 #EAEIHHE%

2.1 EER R
R A B S 7 X535 A2 AT 55 72 AR © 45 7E

AEHEAREEE H38E Foll

P A PR B T SR XS B SCAR TP 41 S = (S, S, o0, S, )
MESFARR RS IE MKG, Hd b 208 471 %H%
MIFEIR, S; ok A BEAE d SUEE p Il LSR8
WS, = {wy,s wy ) o FEFEET IS S A2 B F
X—HHAE¥BEXWMKER r MCATFS
R={w,,-, w,} YER I N B ESRAHS Wi
2.2 1REINEZE

AR SRR A FH P s 0% A B 7 HR RS 55 X6
AR R HR2 A, AR B BT SO AR |
F B G A AN 8] 52 A B e . B SCRTR i AR
R R AR 4 v B s e SR AR B TR 5 g s X i
TS B 2E SR s F R st B 7em 1 #3451 G
T AR G A 7 IR L i 5 s 4 R AR - 145 [l
52 HE SR R SRR A SR | Ty S XS
it J5 I BT AR R A R R 1 AR AR
RN B A ) ]Iy S R A B e SR EE A S
S A O B R SO A SR RS, ST
SRR ESE R R SR N BT R L 3 R
P, e HR A T P S e X LA T fRT i i, AT
AR B AR OGS SUE B em , B B R SRR A
SR D7 XS NGRS B B A GPT-2 2
T i A i3 152 Y A, il ad e/ ME TR
—ANbRic T ) o EUR AR B GPT-2 A
IR o 3R A B B 7 36 A s A an il 1
JIi7R o

T Aﬁ%@ﬁﬁ@]{___ié&@ﬁ
e o, SEE [ I
Wi e mipepen | B |53 iy
|w&%mww¢u'——’%Ail |
L2 i v 2 |l
B MR | |
W _
B WL sy | ool e |
£ S HPA AN M ppp—— gl |
JLLi Frmm !
| Vi L I
bi |

[FH]
I B I ] :
| || |
| || |
| — || |
| L __ J

B1 EFHIRRANNETXEEMER
Fig. 1 Medical conversation generation model based on
knowledge embedding
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Fig. 2 Graph attention mechanism matrix
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He—A n-gram TEA AL RIS H B9~ Count (n-gram’)
27N n-gram'7E candidates H 4K

Distinct FEFRPEAG A= B 1152 7E 10190 3] 1) 2 FE 1
Distinct-1 AT A BRI PR 1-gram (5T A
1-gram LA Distinet-2 SH BT A A LEE R AR [R] 2-
gram 5 {5 2-gram A9 HLA, Distinct F54R BUELH R ,
FORAER G IR b SR Z AR n i, DS
H Z R B Distinet-n 71BN

Count

clip

unique (”l _gram)

Distinct-n=

an
Count(n-gram)

Horp: Countypique (n-gram) FoR Bl E R AE KM n-

gram TIEHE, Count (n-gram) &/~ B2 H n-gram i)
H B

N PR TR : SO P 4845, X HE &R

b A E BT TS bR, BERR X TR RN T

BRI ARCHH T correctness | relevance . informa-

tiveness . doctor-likeness iX 4 MR PEAL A B 01 &2 11

JBi . correctness A& ¥ X A 8] & FE I R L 17 1F A 7
B, relevance &5 [l & 55 [ 52 X038 B AH G R T
informativeness &5 7E M1 &2 P4 AL T By 7 {5 B AT
H{5 B i, doctor-likeness &35 42 il [ &2 5 LS R A
815 (AR E o SOl 4 DrEEEM Lg%
FEAR A O B 2 R AR R B &2 R T PEA o AT X
FA AR ) 4 NEFRA 1~ 5 $ATFT 48, o350k
e PRI T T T A R IR B AR R T B
(PE2 5340, A R e A 4
32 IWHEREHIF
3.2.1 a3

7E MedDG ¥4 #1 CovidDialog-Chinese $i#%
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Tab.3 Comparison of automated assessment indicators

on MedDG datasets
Y BLEU-1 BLEU-4 Distinct-1  Distinct-2
Retrieval 23.08 12.58 0.62 9.98
Seq2Seq 26.12 14.21 0.88 4.77
HRED 31.56 17.28 1.07 8.43
DialoGPT 34.57 18.09 0.50 9.92
MCG-HE (-¢) 14.15 0.53 1.70 9.48
MCG-HE 17.09 1.02 7.00 25.45
MCG-KE 75.62 28.52 121 2.49
% 4 7& CovidDialog-Chinese #{#E%4 1 B ZhiTfhig4R
polse

Tab.4 Comparison of automated assessment indicators
on CovidDialog-Chinese datasets

HEEHY BLEU-2 BLEU-4 Distinct-1 Distinct-2
Transformer 5.70 4.00 5.50 29.00
BERT-GPT 4.60 2.80 7.90 39.50

BERT-GPT-TAPT 5.10 2.60 9.10 39.70
MCG-HE (-¢) 3.97 2.63 11.10 32.70
MCG-HE 7.61 3.56 12.97 37.00
MCG-KE 42.24 12.22 1.80 3.60
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ANAE T AT 55 P, s B 2 i e A2 £
FEME , AR AN SR A B Il 52 1) ot ot R B T,
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Tab.5 Comparison of manual assessment indicators on MedDG datasets

Y correctness relevance informativeness doctor-likeness
GPT-2 2.80 2.85 2.86 3.15
HRED 2.70 3.02 2.95 3.33

MCG-HE 3.18 3.36 2.95 3.30
MCG-KE 3.31 3.46 3.29 3.41

% 6 7£ CovidDialog-Chinese {385 i) A\ TiEfL354RXTEL

Tab. 6 Comparison of manual assessment indicators on CovidDialog-Chinese datasets

i correctness relevance informativeness doctor-likeness
Transformer 1.94 2.09 2.03 2.61
BERT-GPT 2.15 2.70 2.32 3.02
TAPT 2.27 2.68 2.42 3.11
MCG-HE 2.79 3.05 2.80 3.29
MCG-KE 3.02 3.11 3.04 3.36
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